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Abstract 
In this study, we examine the extent to which the discrepancy between teacher-reported 
and student-reported self-regulatory behaviours during writing were associated with 
students’ end-of-year writing grades after controlling for student writing ability and 
other demographic characteristics. Results of our study, conducted with a sample of 
201 middle grades students enrolled in a large, comprehensive suburban school district 
in the Mid-Atlantic U.S., suggest a significant and positive relationship between teacher 
discrepancy and grades, after controlling for writing ability, student self-regulation, 
gender, race/ethnicity, and SES. This has clear implications for the classroom, as it 
suggests that even after accounting for student difference in terms of ability background, 
and demographics, the effort that teachers perceive their students making in the fall are 
still associated with students’ year-end performance in their class. This represents some 
of the first frontline evidence of the predictive relationship between self-regulation 
discrepancy and student achievement in writing. 
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1. Introduction 
At least since Rosenthal and Jacobson’s (1968) publication of Pygmalion in the Classroom, 
researchers, educators, and the popular media have been interested in the role that teacher expectations 
play in relation to student academic performance. Depending upon the research examined or the person 
describing the research, teacher expectations may either have a substantial impact on later student 
achievement (often referred to as the “self-fulfilling prophecy” effect), or they may have a trivial impact 
(Jussim & Harber, 2005). As Jussim and Harber (2005) point out, the reality is somewhere between 
these two extremes; teacher expectations do seem related to student achievement in certain 
circumstances. In this study, we examine the relationship between teacher expectations and student 
grades in one circumstance - the extent to which teachers’ discrepant expectations of students’ self-
regulatory behaviors during writing were associated with students’ writing grades, after controlling for 
writing ability and student background characteristics. As the use of observational rating scales that 
measure students’ self-regulatory behaviors continues to increase in K-12 classrooms (Duckworth & 
Yeager, 2015), the study of how student and teacher perceptions of these behaviors relate to one another, 
and how they might systematically differ, is a crucial emerging area of research. 
1.1 Review of relevant literature 
1.1.1 Teacher expectations 
As a matter of course, teachers form expectations of their students. These expectations are not 
a priori good or bad, nor does it seem likely that they are eradicable. Issues arise, however, when 
teachers hold biased or otherwise discrepant expectations about students and these discrepant 
expectations contribute to educational inequities (e.g. Auwarter & Aruguete, 2008; McKown & 
Weinstein, 2002; Rist, 1970). Discrepant expectations refer to teacher over- or underestimates of a 
student’s ability on a given attribute when compared to another indicator of that same attribute (e.g. 
Harvey, Suizzo, & Jackson, 2016; Hinnant et al., 2009; Jussim et al., 1996). For example, if a teacher 
believes a student has relatively little aptitude for algebra but the student performs well on a standardized 
algebra assessment, this would indicate a discrepant expectation in the form of an underestimation of 
algebra ability. Discrepant expectations can be considered quantitative variables that have both a 
direction and a magnitude; that is, they can be either over- or underestimates and can represent different 
degrees of over- or underestimation (Madon et al., 1997). Below, we briefly review the research 
literature on discrepant teacher expectations related to student ability and motivation.  
1.1.2 Expectations related to ability 
Much of the research examining teacher expectations has focused on the relationship between 
teacher expectations of student ability and subsequent student academic performance across several 
content areas (e.g. Brophy, 1983; de Boer et al., 2010; Hinnant et al., 2009; Jussim et al. , 1996; Madon 
et al., 1997; Rosenthal & Jacobson, 1968). Such research often examines the “self-fulfilling prophecy” 
phenomenon in which teachers’ initial expectations of student academic ability influence later student 
academic performance by causing students to live up (or down) to the teacher’s expectations of them 
(Jussim & Harber, 2005). Generally, results from this line of research suggest that teacher expectations 
do predict later student performance, particularly for stigmatized or vulnerable students, although the 
magnitude and durability of these expectation effects over time remains unclear (de Boer et al., 2010; 
Hinnant et al., 2009; Jussim & Harber, 2005). Additionally, in an early meta-analysis of self-fulfilling 
prophecy studies, Brophy (1983) found that stronger expectation effects emerged when teacher 
expectations were manipulated early in a school year compared to when they were manipulated later. 
That is, when teachers’ expectations of students were influenced by unreliable or irrelevant information 
(e.g. race/ethnicity or invalid assumptions made by others) before these teachers had an opportunity to 
form realistic expectations of students based off more relevant information (e.g. classroom 
achievement), these discrepant expectations tended to have a larger effect on subsequent student 
performance. 
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Teachers seem to form expectations about students based on information beyond students’ 
previous academic performance. More specifically, previous research has found that student 
characteristics such as gender, ethnicity, and socioeconomic status (SES) all contribute to teacher 
expectations (e.g. Auwarter & Aruguete, 2008; Brophy, 1983; Jussim & Harber, 2005; McKown & 
Weinstein, 2002; Rist, 1970; Tenenbaum & Ruck, 2007). Research examining teacher expectations 
differing by student gender mostly suggests that teachers tend to hold higher expectations of female 
students in general (e.g. de Boer et al., 2010; Harvey et al., 2016; Hinnant et al., 2009); however, other 
studies have found that gender-based expectations may be contingent upon the content area in question. 
For example, McKown and Weinstein (2002) found negative expectation effects for female students in 
math but not in reading.  
Findings from studies examining differences in teacher expectations by ethnicity predominantly 
indicate that teachers have higher expectations for White students than for stigmatized minority students 
(Jussim & Harber, 2005; Jussim et al., 1996; Tenenbaum & Ruck, 2007). In a series of meta-analyses 
on ethnicity and teacher expectations, Tenenbaum and Ruck (2007) found that teachers had higher 
academic expectations of White students than they did of African American students (d = .25) or Latinx 
students (d = .46), although they held slightly lower academic expectations of White students than they 
did of Asian American students (d = -.17). Additionally, findings suggested that teachers tended to speak 
more positively about (d = .31) and to (d = .21) White students than to African American and/or Latinx 
students. In contrast, a large-scale longitudinal study conducted by de Boer and colleagues (2010) found 
no expectation effects based on student ethnicity. However, this study was conducted in the Netherlands 
where the cultural climate may meaningfully differ from that of the United States. 
Research also suggests that teachers tend to expect less of students from lower socio-economic 
status (SES) backgrounds than of students from more economically-advantaged backgrounds (Auwarter 
& Aruguete, 2008; Jussim, et al., 1996; Rist, 1970). In a landmark early study examining the relationship 
between teacher expectations and student SES, Rist (1970) observed a group of African American 
children throughout their kindergarten year and during portions of their first- and second-grade years. 
In short, Rist found that students from higher-SES backgrounds tended to align with the teacher’s 
idealized version of a successful student. The teacher, in turn, seemed to have higher expectations of 
students who matched her stereotype of how a successful student looked and behaved, and these 
differential expectations manifested themselves in how the teacher treated students as well as the 
opportunities the students were afforded in the classroom. More recent work further supports this notion 
that teachers often have higher expectations of students from high-SES backgrounds than they do of 
students from low-SES backgrounds (Jussim & Harber, 2005; Jussim et al., 1996), with some evidence 
suggesting that teachers may hold disproportionately low expectations for boys from more 
economically-disadvantaged backgrounds (Auwarter & Aruguete, 2008). 
It is important to note that differences in teacher expectations by student gender, race, ethnicity, 
socioeconomic status, or other student characteristics are not necessarily indicative of bias, nor do they 
always produce self-fulfilling prophecies (Jussim & Harber, 2005). For teacher expectations to be 
biased, they must be systematically different about students based on certain student demographic 
characteristics (e.g. ethnicity) and they must be inaccurate (Madon et al., 1997). Previous research 
suggests that, even when teacher expectations for students differ according to student demographic 
characteristics, these expectations may accurately reflect real differences in student ability (Madon et 
al., 1998). In such circumstances, teacher expectations may be systematically different but unbiased. 
1.1.3 Expectations related to other factors 
Often, research investigating teacher expectations has focused on discrepancies between teacher 
perceptions of student ability and more objective measures of students’ capabilities (e.g. Brophy, 1983; 
Hinnant et al., 2009; McKown & Weinstein, 2002). For example, Hinnant and colleagues (2009) 
examined discrepancies in teachers’ perceptions of student academic ability and children’s scores on 
two subtests of the Woodcock Johnson Psycho-Educational Battery (Woodcock & Johnson, 1977). 
Some researchers have included measures of student motivation along with a standardized achievement 
score when estimating discrepancy in teacher expectations to control for additional student-level factors 
that might influence performance outcomes (e.g. de Boer et al., 2010; Madon et al., 1997). Further, other 
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lines of research have focused on the discrepancy between teacher-perceived motivation and student-
reported motivation (e.g. Harvey et al., 2016). For example, Harvey and colleagues (2016) used the 
residuals from a model in which teacher reported student self-efficacy was regressed on student reported 
self-efficacy to calculate a discrepancy score. They found that this discrepancy variable predicted 
students’ year-end grade in math and reading even after controlling for student ability using a 
standardized test score. This result suggests that teacher perceptions of student competencies other than 
academic ability may meaningfully relate to student outcomes.  
Given these findings, it seems possible that teachers’ discrepant expectations of students in 
several areas may related to indicators of student academic performance. In the current study, we 
investigate the extent to which discrepancies in teachers’ perceptions of student writing self-regulatory 
behaviors relate to student writing/English Language Arts (ELA) grades. Although research 
resoundingly affirms that students’ self-regulation predicts numerous measures of academic success 
(e.g. Zimmerman, 2013), we are aware of no work that examines how discrepancies between teacher 
perceptions of student self-regulation and students’ perceptions of their own self-regulation might relate 
to student academic success. 
1.1.4 Grades 
In this study, we focus on the extent to which teachers’ perceptions of student writing self-
regulatory behaviors predict students’ later writing/ELA grades. Therefore, we do not focus on whether 
students fulfill teachers’ expectations, but rather on how discrepant expectations of student self-
regulatory behaviors might persist throughout the year and manifest themselves in students’ grades. 
According to Brookhart and colleagues (2016), grades refer to “the symbols assigned to 
individual pieces of student work or composite measures of student performance on student report 
cards” (p. 804). However, the meaning of “performance” seems to vary quite a bit between teachers, 
and performance often represents more than standardized academic achievement or ability (Bowers, 
2011; Brookhart et al., 2016; Casillas et al., 2012; McMillan, 2001; Willingham et al., 2002). Previous 
research on teachers’ grading practices has found that, although indicators of standardized achievement 
and prior grades tend to account for the largest amount of variance in teacher-assigned grades, factors 
such as student effort, motivation, improvement, and even behavior can also influence grading practices 
(e.g. Bowers, 2011; Casillas et al., 2012; McMillan, 2001). In a study of more than 4,000 students, 
Casillas and colleagues (2012) found that psychosocial and behavioral measures (e.g. motivation, self-
regulation) were as useful for predicting high school GPA as were prior grades, although standardized 
achievement measures were the strongest predictors of GPA. This suggests that grades might provide a 
summary of cognitive and conative student characteristics (Brookhart et al., 2016). 
Given that grades inform many high-stakes decisions made about students, such as decisions 
related to grade promotion, high school graduation, and college admission, it is critical that we 
understand which performances and competencies grades represent. Further, if grades are to serve as 
fair and valid indicators of student performance, we must not only understand the factors that contribute 
to grades but also how potential misperceptions of these factors relate to grades. Failure to address this 
second point could lead not only to inaccurate inferences about individual students based on their grades, 
but perhaps also systemic educational inequities depending upon possible patterns in these 
misperceptions. 
1.1.5 Writing Self-Regulation 
In academic contexts, self-regulation refers to a proactive process or set of processes that 
students employ either to learn or to produce an artifact demonstrating knowledge (Pintrich & De Groot, 
1990; Winne & Hadwin, 1998; Zimmerman, 2008). These processes may include setting learning goals, 
using appropriate strategies, monitoring learning, and maintaining motivation throughout a learning task 
(Winne & Hadwin, 1998; Zimmerman, 2008). Although research suggests that promoting student self-
regulation leads to increased achievement across several academic domains (Zimmerman, 2013), self-
regulation may be particularly important in writing (Graham & Harris, 2000; Graham, Harris, & Mason, 
2005, Graham & Perin, 2007; Santangelo, Harris, & Graham, 2016). 
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 Writing is often a complex, prolonged process involving multiple recursive components, 
including planning, drafting, and revising. Given this, along with the difficulty of writing, it is no 
surprise that writing proficiently requires high levels of self-regulation (e.g. Graham, 2018; Graham & 
Harris, 2000; Hayes & Flower, 1980; Hayes & Flower, 1986; Zimmerman & Riesemberg, 1997). 
Indeed, several prominent models of writing emphasize many of the metacognitive processes implicated 
in effective self-regulation (Hacker, 2018; Hayes, 2012; Hayes & Flower, 1986). Engaging in self-
regulatory behaviors, such as goal-setting and self-monitoring, may allow students to better navigate the 
complexities of a given writing task and may, in turn, positively influence writing-related beliefs 
(Graham & Harris, 2000). For example, multiple studies have demonstrated a positive relationship 
between student self-reported writing self-regulation and self-efficacy (Collie et al., 2016; Ekholm et 
al., 2015; Zimmerman & Bandura, 1994; Zumbrunn et al., 2016). Further, a large body of research 
overwhelmingly shows that teaching students writing self-regulatory strategies leads to considerable 
improvements in writing performance (Graham et al., 2005; Graham et al., 2015; Graham et al., 2012; 
Graham & Perin, 2007). Thus, self-regulation seems to play a critical role in the writing classroom. 
Of particular relevance for this study is how teachers perceive students’ writing self-regulatory 
behaviors. As mentioned previously, research on grading practices indicates that teachers often take 
students’ self-regulatory behaviors into account when assigning grades (Brookhart et al., 2016). 
However, as is the case with perceptions of academic ability and self-efficacy, teachers may err in how 
accurately they perceive students’ self-regulatory behaviors. Although some writing self-regulatory 
behaviors are easy to observe, others may be more covert. For example, planning may be easily observed 
via a graphic organizer; however, strategies such as engaging in positive self-talk or monitoring progress 
toward goals may be harder for teachers to accurately infer. Given the difficulties inherent in observing 
some of these self-regulatory behaviors, it is possible that teachers unconsciously rely on (possibly 
irrelevant) student characteristics when making inferences about students’ self-regulation.  
Thus, in this study, we are specifically interested in the extent to which teachers’ assessments 
of students’ self-regulation align with students’ own assessments, and further, the extent to which the 
discrepancy in those assessments might also be predictive of writing outcomes. If discrepancy measures, 
such as the one we explore here, are predictive of writing outcomes above and beyond typical measures 
of self-regulation, we believe that this measure can have real value for researchers and practitioners. 
1.1.6 The present study 
In the present study, we investigated discrepancies between teacher and student ratings of 
student writing self-regulation. To extend the literature on teacher expectations, we were interested in 
the relations between these discrepant expectations and student demographic characteristics, end-of-
year writing/ELA grades, and student writing achievement. The following research questions guided the 
study: 
 
1. Does the average discrepancy between teacher and student perceptions of writing self-regulation 
differ according to student demographics, including gender, race/ethnicity, and socioeconomic 
status? 
2. To what extent do discrepant teacher expectations of student writing self-regulation uniquely 
predict student grades after accounting for prior writing achievement and student demographic 
variables? 
3. Does the relationship between discrepant expectations and writing grades differ across different 
student demographic groups? 
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2. Methods 
2.1 Participants 
All participants in the study were part of a three-year longitudinal study in a large, suburban 
school district in Virginia. To qualify for inclusion in the current study, participants from the 
longitudinal study must have had a score on a standardized statewide writing test, which at time this 
study was conducted were administered to students in 5th, 8th, and 10th grade. This resulted in the 
inclusion of 201 students for whom we had a test score from either the 5th, 8th, or 10th grade test, as 
well as both teacher and student ratings of writing self-regulation and an end-of-year writing grade. Both 
student and teacher self-regulation ratings were required to calculate our measure of discrepancy 
described below. The sample consisted of 91 females (45%) and 110 males (45%), with 83 (41%) 
students identifying as African American, 73 (36%) identifying as White, 35 (17%) identifying as 
Latinx, and 10 (5%) identifying as another ethnicity or multiracial. Additionally, 8 (4%) of these 
students received special education services, 1 (.50%) was classified as an English Language Learner 
(ELL), 15 (7%) were classified as gifted, and 59 (29%) were classified as economically disadvantaged. 
2.2 Data sources 
2.2.1 State standardized writing test  
The Virginia Standards of Learning (SOL) standardized writing test was administered each 
spring to students in 5th, 8th, and 10th grade.1 Each test is intended to assess the state’s writing standards 
not only for the grade level in which the test is given but also for all grades between the current test year 
and the previous writing test. For example, the 8th grade test assesses writing standards for 6th, 7th, and 
8th grades. Although the exact standards assessed on the tests differ according to the grade in which 
they are given, all writing standards are subsumed under two broad categories: 1) “research, plan, 
compose, and revise for a variety of purposes” and 2) “edit for correct use of language, capitalization, 
punctuation, and spelling.” Each test consists of two subtests: a multiple-choice/technology enhanced 
item (MC/TEI) subtest and an open-ended constructed response (e.g. personal narrative, persuasive 
essay) subtest. Scores from each subtest contribute equally to the student’s overall score, and these total 
scores can range from 0 to 600. The lower threshold for a “proficient” score (i.e. a passing score) is 400, 
and the lower threshold for an “advanced” score is 500. According to the 2014-2015 Virginia Standards 
of Learning Technical Report (Virginia Department of Education, 2015), scores on the writing tests 
demonstrated good reliability for all combinations of MC/TEI tests and writing prompts (stratified alpha 
range .84 - .88). 
There was one circumstance in which participants might have multiple test scores. Because the 
longitudinal study from which these participants were recruited took place over 3 years, there is a cohort 
of students for whom we had both an 8th and a 10th grade test score (i.e. students who were in 8th grade 
during the first year of data collection and 10th grade during the third year of data collection). We chose 
to use the 8th grade test scores for this group because there was less missing data on other measures at 
this measurement point than at the 10th grade measurement point. 
2.2.2 Student writing/English language arts grades  
In this study, grades represent a student’s end-of-year grade in writing/English Language Arts. 
For students in elementary school, writing grades comprised the several standards-based criteria: writes 
for a variety of purposes; edits writing for correct grammar, capitalization, punctuation, and spelling; 
and demonstrates growth in word study knowledge. For students in high school, ELA grades included 
teachers’ judgments of students’ progress on state standards related to both reading and writing. Across 
all grade levels, grades were reported by the school division in a letter-grade format (e.g. A, B, C), 
including both pluses and minuses. After examining the distribution of all grade categories, and 
recognizing that including all letter grades with pluses and minuses would result in a highly uneven and 
 
1 Since then, Virginia has eliminated the 5th grade writing test. The 8th and 10th grade tests remain in use. 
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unbalanced grade distribution, we instead collapsed grades into three distinct categories: 1 = C, D, or F, 
2 = B, and 3 = A. This categorization roughly divides the sample into thirds as demonstrated by the 
grade category barplot found in Figure 1. 
 
 
 
Figure 1. Distribution of writing grades. 
 
Balancing model complexity was also a consideration, since any schema beyond two categories 
would require an ordinal or multinomial logistic regression and adding many more categories would 
further complicate the interpretation of our models. After examining the observed distribution of grades 
and weighing the additional complexity of modeling additional categories, we arrived at a three-category 
construct. 
2.2.3 Student-reported writing self-regulation measure  
To measure students’ assessment of their self-regulation, we used eight items from the larger 
Writing Self-Regulation Aptitude Scale (WSRAS; Ekholm et al., 2015), which was originally intended 
for use with college students. The scale asks students to rate their perceived writing self-regulative 
behaviors on a scale from 1 (Almost never) to 4 (Almost always), and it assesses the self-regulated 
learning processes of goal setting, planning, self-monitoring, attention control, emotion regulation, self-
instruction, and help-seeking for writing. For the current study, the items, “I make my writing better by 
changing parts of it” and “I tell myself I did a good job when I write my best,” were added to include 
the self-regulation processes of self-evaluation and self-imposed contingencies. Additionally, slight 
changes in language were made to the original items to ensure the developmental appropriateness of the 
scale. All items for this scale are available in Appendix A. McDonald’s omega (McDonald, 1970; 
McNeish, 2017) for scores on this measure was .78. 
2.2.4 Teacher-reported student writing self-regulation measure  
The Teacher-Reported Student Writing Self-Regulation Measure (TRSWSR; Zumbrunn, 2014) 
is a three-item scale that asks teachers to assess the frequency with which their students plan their 
writing, revise their writing, and persist through difficulties during writing. All items are measured on a 
scale of 1 (Never) to 10 (Always). McDonald’s omega (McDonald, 1970; McNeish, 2017) for scores on 
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this measure was .88. Since teachers were asked to assess the self-regulation of several students in their 
classes, we opted to make this scale considerably shorter than the student-report self-regulation measure 
to avoid overburdening teachers. Both the student- and teacher-report writing self-regulation measures 
were collected in the fall of the school year. 
2.2.5 Student demographics  
Several demographic predictors were included as covariates in this study, including gender, 
socioeconomic status, and race/ethnicity. All data for these measures was provided by the participating 
school division, and the operationalization of each is consistent with division- and state-level practices. 
Gender was operationalized here as male vs. female. Socioeconomic status was defined as whether a 
student was classified by the Virginia Department of Education as economically disadvantaged.2 
Students’ race/ethnicity was operationalized into five groups: White, African American, Asian, Latinx, 
or Multiracial. Any student who identified as having Hispanic or Latino ethnicity (regardless of racial 
identification) was classified as Latinx. Due to small sample limitations, demographics such as ELL 
status, gifted status, and special education identification were not included in these analyses. 
2.3 Data analysis 
2.3.1 Estimating discrepancy scores  
We modify a procedure common in the teacher expectation literature to estimate discrepancies 
in teacher expectations (e.g. Harvey et al., 2016; Hinnant et al., 2009). First, we estimated confirmatory 
factor analysis (CFA) models for teacher- and student-reported self-regulation and then obtained 
predicted values of the standardized latent teacher- and student-report variables for each student. Then, 
we subtracted the value of the student-report latent score from the teacher-report latent score to obtain 
our estimate of teacher discrepancy. Our approach differs slightly from Harvey et al. (2016), who 
estimated discrepancy scores using the residuals of a linear model with student self-regulation predicting 
teacher self-regulation. By using latent variables to represent our discrepancy scores, we obtained scores 
that had less measurement error compared to using observed measures alone (Kline, 2016). 
The discrepancy variable represents the difference between a student’s self-rating of self-
regulation and the teacher’s evaluation of the student’s self-regulation after accounting for measurement 
error. Negative values of the discrepancy variable represent cases where teacher ratings are lower than 
student ratings (i.e. underestimations), whereas positive discrepancy values represent cases where 
teacher ratings are higher than student ratings (i.e. overestimations). 
2.3.2 Group comparisons 
To determine the extent to which teacher discrepancy scores differ by group, we use independent 
samples t-tests for comparisons by gender and SES, and a one-way ANOVA for comparisons by 
race/ethnicity.  
2.3.3 Multilevel modeling  
Because the students in this study were nested within classrooms, we performed multilevel 
analyses using a two-level generalized linear mixed model with a multinomial distribution and a 
generalized logistic link function (Agresti, 2012). This is the multilevel complement to the single-level 
multinomial logistic regression (Cohen et al., 2003; Long & Freese, 2014). Given the ordinal nature of 
our outcome measure (course grades), we arrived at the generalized multinomial logit after testing the 
adequacy of an ordinal logistic regression. Our initial model failed the Brant Wald test for proportional 
odds (p = .004) (Brant, 1990), which suggested that a multinomial distribution better characterized the 
 
2 The Virginia Department of Education assigns “economically disadvantaged” status each year for students who: 1) are 
eligible for Free/Reduced Price Meals, 2) receive Temporary Aid for Needy Families (TANF), or 3) are eligible for 
Medicaid. 
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pattern of responses than an ordinal logistic regression. To obtain model estimates, one outcome 
category (grade of A) was used as the reference category, and simultaneous models were fit comparing 
log odds of a student earning a (grade of B) or (grade of C and below) relative to a (grade of A). 
The overall modeling approach included six steps. In Step 1, writing SOL scores, a measure of 
prior performance, was included. Our predictor of interest, student-teacher discrepancy score, was 
included in Step 2. In Step 3, students’ self-regulation score was introduced. In Step 4, a vector of student 
demographic covariates was introduced, including district-reported measures of race, ethnicity, gender, 
and whether a student qualifies as economically disadvantaged. Step 5 tested race/ethnicity, gender, and 
economic disadvantaged status as moderators of student/teacher discrepancy using interaction effects. 
Finally, in Step 6, a between-classroom (teacher level) covariate, average discrepancy, was introduced 
in addition to the variables included in Steps 1-5. This model building approach, sequentially adding 
level one predictors, followed by level 2 predictors, is recommended by Hox (2010) and allows for a 
more thorough examination of how student- and teacher-level predictors function in relationship to the 
outcome. It also facilitates a richer understanding of the extent to which blocks of covariates explain 
additional residual variance at the within- or between-person level. 
By simultaneously fitting student- and teacher-level equations, multilevel modeling can more 
accurately partition between- and within-classroom variance. Given the relatively small number of 
clusters (teachers) in this study (n = 18), we chose to limit our model to include only a random intercept; 
all slopes were treated as fixed. This choice is justified given the significant power demands and 
increasing complexity of estimation that occur with each additional random effect. All multilevel 
analyses were conducted using Mplus 8.0 (Muthén & Muthén, 1998 - 2017). 
2.3.4 Testing model robustness using fixed effects  
To test the robustness of our model to unexplained heterogeneity at the teacher level, we also 
used a fixed effects regression model with a multinomial logistic link (Allison, 2009; Wooldridge, 
2016), clustering by teacher, which applies a fixed effects transformation to all within-teacher 
predictors. This approach effectively removes all between-teacher heterogeneity, which is important 
given that unobserved or unexplained teacher characteristics may confound our interpretation of the 
relationship between teacher discrepancy score and grades. Thus, if results are consistent between our 
preferred MLM model and the more restrictive fixed effects model, we may assume that there are no 
significant teacher-level confounding variables that we have missed. We also used a regular multinomial 
logit model (without random effects) along with cluster-robust standard errors. This is an additional 
approach for handling clustered data, and while not as preferred3 as our approach and fixed effects, it 
provides an additional useful comparison point for the robustness of our model to our specifications. 
2.3.5 Missing data  
All cases included in this study were complete, therefore, this study did not have any missing 
data. Our design, which relied on the calculation of a teacher discrepancy score that required an observed 
student and teacher score for self-regulation, necessitated the exclusion of non-complete cases. 
 
 
 
 
 
 
3 We found that adjusting standard errors for clustering was less preferred than either a fixed effects or 
multilevel approach because it only impacts the size of the estimated standard errors, and not the magnitude of 
the coefficients. The other two methods we tested can adjust both standard errors and coefficient estimates for 
clustering. 
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3. Results 
3.1 Estimating discrepancy scores 
We began our analysis by conducting a confirmatory factor analysis with our latent measures 
of student- and teacher-reported self-regulation. This model demonstrated acceptable to good model fit 
according to the criteria recommended by Hu and Bentler (1999) (CFI = .95, RMSEA = .069, 90% CI 
[.047, .091]). Having confirmed that our model accurately represents the underlying covariance in our 
data, we then subtracted the predictions (TSR – SSR) from our CFA model to create our teacher 
discrepancy score. A histogram of this new variable is found in Figure 1. Given the formula used to 
calculate it, students with a negative discrepancy score are those whose self-rating was higher than that 
of their teacher (resulting in a negative score). Similarly, students with a positive discrepancy are those 
whose self-rating was lower than that of their teacher (resulting in a positive score). Students with 
discrepancy values at or near zero are those whose self-rating was equivalent to that of their teacher. 
 
Figure 2. Distribution of student-teacher discrepancy. 
3.2 Group differences in discrepancy scores 
Using our model-predicted estimate of teacher discrepancy, we first conducted a series of mean 
comparisons to investigate whether this construct differs according to common student demographics. 
Using independent-samples t-tests, we compared students according to gender (males vs. females), and 
socioeconomic status (students classified as economically disadvantaged vs. those not classified). 
Results indicated that females had a significantly more positive teacher discrepancy than males (t = 3.67, 
df = 199, p <.001). This suggests that compared to students’ self-evaluations, teachers tend to 
overestimate females’ self-regulation and under-estimate males’ self-regulation in their writing. No 
significant differences were found by economically disadvantaged status (p = .54). We also used a one-
way analysis of variance (ANOVA) to examine whether, on average, teacher discrepancy ratings 
differed according to students’ identified race/ethnicity. The overall model was not significant (F(4, 
196) = 1.28, p = .28), which suggests that average discrepancy scores do not differ significantly by 
student race/ethnic group. 
3.3 Zero-order correlations 
Next, we estimated a set of zero-order correlations to assess the interrelationships between our 
measured scales, grades, and standardized writing score. Results can be found in Table 1. Several 
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significant correlations emerged, including a positive and correlation between SOL score and final 
grades (r = .58, p < .001). Teacher discrepancy was positively correlated with SOL score (r = .39, p < 
.001) and end-of-year grade (r = .50, p < .001). Student-reported self-regulation was not significantly 
correlated with either SOL score (r = .04, p = .69) or end of year grade (r = .11, p = .33). 
 
Table 1 
Pairwise Correlations Among Variables of Interest 
  SOL Score EOY Gradea SSR TSR DISC 
SOL Score 1 
    
      
EOY Gradea 0.58*** 1 
   
      
SSR 0.04 0.11 1 
  
      
TSR 0.39*** 0.50*** 0.14* 1 
 
      
DISC 0.37*** 0.45*** -0.09 0.93*** 1 
Notes.  SOL = Virginia Standards of Learning Exam.  EOY = End of Year. SSR = Student-
Reported Self-Regulation.  TSR = Teacher-Reported Self-Regulation.  DISC = Discrepancy 
between TSR and SSR. 
a All correlations with EOY Grade, an ordinal variable, are Spearman rank-order correlations.  
* p < .05. *** p < .001. 
3.4 Multilevel modeling 
Next, we estimated a series of multilevel models with students modeled at Level 1, nested within 
teachers at Level 2, and final grades as the outcome. Covariates in our final model include SOL scores, 
discrepancy scores, student self-regulation, and the student demographics described above. Descriptive 
statistics for this model can be found in Table 2.  
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Table 2 
 
Descriptive Statistics for Variables of Interest 
 
Variable Mean (SD) or n (%) 
 
Language Arts Grade 
 
 
 
A  49 (24.3%) 
 
B 78 (38.8%) 
 
C and below 74 (36.9%) 
Writing SOL Score 457.06 (57.77) 
 
SSR 0.00 (.38) 
 
TSR 0.00 (1.53) 
 
Discrepancy Score 0.00 (1.52) 
 
Ave. Discrepancy 0.00 (.79) 
 
Female 91 (45.3%) 
 
Economically Disadvantaged 59 (29.4%) 
 
Race/ Ethnicity 
 
 
   Asian 3 (1.5%) 
 
   African American 83 (41.3%) 
 
   Latinx 35 (17.4%) 
 
   White 73 (36.3%) 
 
   Multiracial 7 (3.5%) 
 
Notes. N = 201.  Data are presented as mean (SD) for continuous measures, and n (%) for 
categorical measures. 
 
We used a hierarchical model building approach and arrived out our final model in six steps. 
For the sake of parsimony, we only interpret the final main effect model results here, however, full 
estimates of all models are available in Table A1 in the Appendix. Results are presented in two blocks 
– first, we interpret the coefficients that compare the odds of earning an A vs. a B. Second, we interpret 
the coefficients that compare the odds of earning an A vs. a C or below. A visual summary of all 
coefficients can be found in Figure 3. 
 
Broda, Ekholm et Zumbrunn 
 
 
64 | F L R  
 
 
Figure 3. Visual summary of multilevel model estimates. 
3.4.1 Comparing the odds of earning A vs. B 
Higher SOL scores were significantly associated with lower odds of earning a B vs. earning an 
A (b = -0.04, p < .001). In standardized units, for each one-SD increase in SOL score, the odds of earning 
a B (vs. an A) decreased by about 45 percent. Teacher discrepancy score was significant and associated 
with lower odds of earning a B (b = -.53, p < .001). For each one-SD increase in teacher discrepancy 
(suggesting that teachers overrate students’ self-regulation relative to their self-assessment), the odds of 
earning a B (vs. an A) decrease by about 21 percent. Student-reported self-regulation was not found to 
be a significant predictor of grades when controlling for SOL score and teacher discrepancy score (b = 
-.11, p =.91).  
Along with the three predictors of interest interpreted above, a vector of student demographics, 
including gender, race/ethnicity, and economically disadvantaged status were included in the final 
model. Females were predicted to have 221 percent higher odds of earning a B vs. an A compared to 
males (b = 1.17, p < .001), and economically disadvantaged students were predicted to have 458 percent 
higher odds of earning a B vs. an A compared to non-economically disadvantaged students (b = 1.72, p 
< .018) after controlling for SOL score, teacher discrepancy, and student self-report . In Step 5, we 
introduced a series of discrepancy-by-demographic interaction effects to test for statistical moderation. 
We found that none of our demographic variables moderated the relationship between discrepancy score 
and grades. 
Finally, we also introduced a teacher-level covariate, average discrepancy score, to examine 
whether a given teacher’s tendency to over- or under-rate self-regulation relative to their students was 
associated with differential odds of earning a B vs. an A. We found that it was (b = -1.38, p =.028), 
which suggests that for each one-unit increase in a teacher’s average discrepancy, we would expect the 
odds of earning a B vs. an A to decrease by about 75 percent. 
3.4.2 Comparing the odds of earning A vs. C or below 
As might be expected, nearly all predictors had coefficient estimates of similar magnitudes and 
directions when comparing the odds of earning a C or below vs. an A. Increases in SOL scores (b = -
0.04, p <.001) and teacher discrepancy scores (b = -0.94, p <.001) were both significant and associated 
with decreased odds of earning a C or below vs. an A. Thus, increases in these measures would predict 
higher odds of receiving an A. The estimates for a teachers’ average discrepancy at the classroom level 
functioned similarly and were significant (b = -1.67, p <.001), which suggested again that as a teachers’ 
average tendency to overrate their students’ self-regulatory behaviors increased, they were also more 
likely to assign a given student a high grade. Finally, gender appeared to function similarly for this 
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outcome category, as females had significantly higher odds of earning a C or below vs. an A compared 
to males with similar SOL scores and teacher discrepancy scores (b = 1.53, p <.001). 
Several predictors did not function equivalently when comparing the odds of earning an A vs. a 
C or below, and this is likely why the model overall did not satisfy the proportional odds assumption 
required to use ordinal (vs. multinomial) logistic regression. Economic disadvantage was not found to 
be a statistically significant predictor, although the magnitude and direction were similar to the B vs. A 
estimates. Additionally, students who identified as multiracial were found to have significantly higher 
odds of earning a C or below vs. an A compared to white students (b = 2.11, p = .004), although given 
the especially small subsample of multiracial students in this study, we would advise caution in over-
interpreting the significance of this result. 
3.5 Robustness checks - comparing alternative model specifications 
To test the robustness of our model to unexplained or confounding variables at the teacher level, we also 
employed a fixed-effects panel regression model, which uses a fixed-effects transformation to eliminate 
all teacher-level heterogeneity, and a regular multinomial regression model with cluster-robust standard 
errors. These represent alternative approaches to operationalizing the model we tested, and as such, we 
would expect the coefficient estimates derived from all three to be quite similar. To test this assumption, 
we repeated our analysis two more times and compared the results. The covariates used (except for 
average discrepancy, which could not be included in the fixed effects model) and the modeling process 
proceeded as with the multilevel formulation. Results were generally very consistent, with discrepancy 
remaining a significant and positive predictor of student grades, although the magnitude of the 
discrepancy coefficient was slightly larger in our preferred MLM approach. A comparison of the 
estimates for the discrepancy measure can be found in Table 3. 
Table 3 
Sensitivity Analysis of Discrepancy Estimates Comparing MLM, RE, and OLR-CR Models 
Model 3   Model 4   Model 5   
MLM FE OLR - CR  MLM FE OLR - CR  MLM FE OLR - CR  
-0.62*** -0.52*** -0.56***   -0.67*** -0.51*** -0.56***   -0.53*** -0.45*** -0.42***   
Notes. MLM = Multilevel model.  RE = Random effects ordinal logit model.  OLR-CR = Ordinary logistic regression model  
with cluster (teacher)-robust standard errors. All estimates are presented as log odds coefficients. 
*** p< .001. 
 
 
4. Discussion 
The purpose of this study was to examine the relations between students’ reports of their own 
writing self-regulation, teacher reports of student writing self-regulation, standardized writing 
achievement, student writing/English Language Arts (ELA) grades, and student demographics. More 
specifically, we were interested in better understanding discrepancies between student and teacher 
reports of self-regulation, including how these discrepancies might relate to writing outcomes as well as 
how they might manifest differently among student demographic groups. When comparing discrepancy 
scores across student demographic characteristics, we found that females had significantly higher 
discrepancy scores than males, indicating that, relative to students’ self-ratings, teachers tend to 
overestimate females’ writing self-regulation and underestimate males’ writing self-regulation. Using 
multilevel modeling, nesting students within classrooms, we found that the discrepancy between 
teachers’ beginning of the year evaluation of students’ self-regulation and students’ own evaluation of 
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their self-regulation is a significant and positive predictor of students’ final grades in writing/ELA. 
Further, we found that this discrepancy remains predictive of grades even after accounting for a range 
of covariates, including students’ demographic background and prior achievement in writing, suggesting 
that this discrepancy is a durable construct that is not subsumed by other common predictors of academic 
performance. 
As prior research has shown (Brookhart et al., 2016; Casillas et al., 2012; Willingham et al., 
2002), grades represent an amalgamation of several factors, including student ability, knowledge, 
motivation, persistence, and behavior. Across this body of research, student ability regularly emerges as 
the strongest single predictor of grades. Unsurprisingly, this was the case in this study as well. Students’ 
end-of-year writing/ELA grades were more highly correlated with standardized writing achievement 
scores than with any other predictors examined in the current study. Similarly, in our final regression 
model, standardized writing achievement made the strongest unique contribution to the prediction of 
students’ grades. Nevertheless, our discrepancy score variable was correlated with students’ final grades 
(r = .50) and uniquely predicted students’ grades after accounting for the influence of other predictors, 
including writing achievement. This finding echoes that of previous research (e.g. Harvey et al., 2016) 
indicating that teachers’ perceptions of students’ behavioral and psychological characteristics 
meaningfully relate to grading decisions, even after these perceptions have been adjusted to account for 
similar information from other sources. 
We also found that female students tend to have larger positive discrepancy scores than male 
students. There are two possible explanations for this. First, female students may be more critical of 
their self-regulation in writing. If female students tend to underestimate their own self-regulation, then 
even accurate teacher estimations would yield positive discrepancy scores because of how these scores 
were calculated. Inversely, teachers may overestimate female students’ self-regulation in relation to their 
male peers. This explanation is consistent with prior research investigating gender-based motivational 
differences across academic domains (e.g. Meece et al., 2006; Pajares et al., 1999). According to this 
body of research, females are, on average, more motivated in ELA disciplines than are their male 
counterparts. If teachers are familiar with this trend or otherwise hold high a priori expectations of 
female writers, they may overestimate female students’ writing self-regulation. However, it should be 
noted that these findings conflict somewhat with results reported by McKown & Weinstein (2002), who 
found no teacher expectation effects for females in the domain of reading. 
Contrary to the results of several previous studies suggesting teachers hold differential 
expectations of students based on their ethnicity and/or socioeconomic status (Auwarter & Aruguete, 
2008; Rist, 1970; Tenenbaum & Ruck, 2007), we did not find any significant differences in self-
regulation discrepancy scores between these groups. Further, these demographic variables did not 
significantly predict student grades. One possible explanation for this has to do with when we 
administered our fall survey. The school district in which this study was conducted begins its academic 
year immediately following Labor Day, and teachers rated students’ writing self-regulation in October. 
According to Brophy (1983), teachers may rely more heavily on student demographic characteristics to 
inform expectations very early in the school year, when they do not yet have more relevant information 
about these students. Given that the teachers in this study had several weeks to form expectations of 
their students from these students’ writing behaviors, it seems possible that they based these expectations 
more on their observations of students’ writing proficiencies than on student ethnicity. 
This study has a number of important limitations worth highlighting. First, all participating 
students and teachers were recruited from a single school division, albeit a demographically diverse one. 
Therefore, it is possible that factors unique to this district, such as district-level policies relating to 
grading practices, could influence the results we report here. Second, although our modeling strategy 
accounts for some between-teacher differences in discrepancy scores and grading practices, previous 
research suggests that teachers vary in the factors they consider when assigning student grades (e.g. 
McMillan, 2001). We did not have enough teachers to investigate many teacher-level variables relating 
to student grades, so we could not investigate typical grading practices as a predictor. This is a potential 
area for future research. Third, the grades variable we examine here refers to the students’ grade in 
writing/English Language Arts. Therefore, this grade likely reflects factors such as reading ability, 
behaviors, and motivation in addition to writing ability, behaviors, and motivation. Although reading 
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and writing scores are typically highly correlated (Stotsky, 1983), they are nevertheless different 
domains.  
Most importantly, our work here operationalizes writing self-regulation in a very specific (and 
perhaps narrow) way, focusing on the extent to which students plan, revise, and persist in writing despite 
challenges. We recognize that these three behaviors represent only a thin slice of the larger set of 
behaviors that encompass writing self-regulation. Future research should seek to explore associations 
involving other key components of self-regulation, and should explore (perhaps qualitatively) how 
teachers themselves conceptualize writing self-regulation to ensure that important behaviors are not 
being overlooked. In addition, future work should consider the relationship between self-regulation 
discrepancy and other measures of writing performance and achievement, especially measures such as 
standardized writing prompts that can be independently scored and evaluated and do not involve as 
much subjective input from teachers. This would help to further establish the validity of self-regulation 
discrepancy as a concept distinct from teacher- or student- evaluated self-regulation in isolation, 
especially given the strong pairwise correlations that we observed in this study between discrepancy, 
teacher-reported self-regulation, and writing grades.  
4.1 Conclusion 
The results of this study raise several important questions. Most notably, this work demonstrates 
that teachers’ initial perceptions of student writing self-regulation are predictive of students’ eventual 
performance in language arts class. This finding alone may not raise eyebrows- after all, students who 
demonstrate higher levels of self-regulation early on are also more likely to end up with higher grades 
in class. This study, however, goes a step further. We find that the discrepancy between teacher and 
student perceptions remain predictive of performance, even after controlling for students’ prior 
performance and their own evaluation of their self-regulation. In other words, when teachers tend to 
overestimate a student’s self-regulation, that student is more likely to end up with higher grades, even 
after controlling for the student’s demonstrated ability or own perceptions of self-regulation.  
This finding is particularly interesting in the context of writing, where many (but certainly not 
all) measures of writing self-regulation (e.g. planning, revising, avoiding distractions) are usually 
behaviors that can be easily observed by teachers in situ. The writing self-regulation scale used here 
focuses largely on the use of writing strategies and processes, such as planning and revising, and on 
writing persistence, such as writing for longer periods of time while remaining focused. However, the 
observability of these behaviors does not seem to mitigate the discrepancies that can emerge between 
student and teacher reports, and further, these discrepancies remain a positive and significant predictor 
of writing achievement after accounting for other measures of writing ability. 
Given these findings, what new questions arise for writing researchers? A key question seems 
to be if writing self-regulation discrepancy exists, and is not explained by typical background 
characteristics, what is driving it? How do teachers come to over-estimate (or students under-estimate) 
writing self-regulation? And how does this systematic discrepancy in turn lead to differential 
performance grades in writing, even after accounting for prior student academic performance? One 
possible avenue of exploration might be mixed-methods research that systematically identifies students 
with low and high discrepancy scores, and then uses interviews, focus groups, or field observation to 
obtain more nuanced understandings of the classroom and individual processes at play. This type of 
work would further unpack the complex associations revealed in this study. 
 So where does this leave writing teachers? The task of accurately assessing developing writers 
is a challenging one, and surely it involves careful observation of how students are implementing new 
writing strategies. However, the results may suggest some caution to those who might view these 
behaviors as a relatively “clean” measure of writing achievement. Even when observing these processes, 
subtle biases can emerge that can shape teachers’ future assessment and evaluation of their students.
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Keypoints 
 We find a significant and positive relationship between student-teacher self-regulation discrepancy 
and ELA grades in a sample of 201 middle school students in Mid-Atlantic region the US. 
 This relationship holds even after controlling for prior student achievement and background/ 
demographic characteristics.  
 These findings provide preliminary evidence of the durable nature of student-teacher discrepancy 
as a predictor of more subjective academic outcomes, such as grades.  
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Appendix – Supplementary Tables 
Table A1  
Results from Multilevel Multinomial Logistic Regression Predicting Writing Grades  
    Null Model Model 1 Model 2 Model 3 Model 4 Model 5 Model 6  
Parameter Est. SE p Est. SE p Est. SE p Est. SE p Est. SE p Est. SE p Est. SE p  
Fixed Components                       
C VS. A SOL    -0.04 0.01 < .001 -0.04 0.01 < .001 -0.04 0.01 < .001 -0.04 0.01 < .001 -0.04 0.01 < .001 -0.04 0.02 0.030  
B VS. A SOL    -0.04 0.01 < .001 -0.04 0.01 < .001 -0.04 0.01 < .001 -0.04 0.01 < .001 -0.04 0.01 < .001 -0.04 0.01 0.001  
C VS. A DISC       -1.06 0.18 < .001 -1.06 0.19 < .001 -1.11 0.20 < .001 -0.94 0.22 < .001 -1.26 1.55 0.419  
B VS. A DISC       -0.62 0.12 < .001 -0.62 0.13 < .001 -0.67 0.16 < .001 -0.53 0.18 0.004 -0.19 1.61 0.905  
C VS. A SRWSR          -0.31 0.73 0.669 -0.77 0.86 0.373 -0.51 0.97 0.596 0.25 0.98 0.799  
B VS. A SRWSR          -0.07 0.58 0.903 -0.40 0.81 0.622 -0.11 1.00 0.913 0.79 1.17 0.496  
C VS. A Female             1.29 0.25 < .001 1.53 0.32 < .001 1.62 0.61 0.008  
B VS. A Female             0.96 0.35 0.006 1.17 0.30 < .001 1.32 0.69 0.057  
C VS. A ECON_DIS             1.33 0.83 0.109 1.71 0.90 0.057 1.95 0.85 0.022  
B VS. A ECON_DIS             1.39 0.76 0.069 1.72 0.73 0.018 1.78 0.67 0.008  
C VS. A Asian             -0.85 0.64 0.182 -1.54 0.80 0.054 109.26 0.00 ***  
B VS. A Asian             -24.44 *** *** -24.51 0.00 *** 78.31 0.00 ***  
C VS. A Afr. Am.             0.71 0.75 0.346 0.79 0.92 0.393 -0.48 0.84 0.573  
B VS. A Afr. Am.             0.51 0.74 0.488 0.65 0.92 0.477 -0.35 0.78 0.652  
C VS. A Latinx             -0.18 0.69 0.798 0.13 0.73 0.855 -0.67 0.88 0.447  
B VS. A Latinx             -0.96 0.86 0.262 -0.67 0.91 0.460 -1.17 0.84 0.166  
C VS. A Multiracial             1.77 0.82 0.031 2.11 0.74 0.004 93.45 1.05 < .001  
B VS. A Multiracial             0.92 0.54 0.086 1.24 0.75 0.100 92.97 0.00 ***  
C VS. A AVEDISC                -1.67 0.69 0.015 -1.76 0.82 0.031  
B VS. A AVEDISC                -1.38 0.61 0.024 -1.62 0.75 0.031  
C VS. A INT1                   0.00 0.00 0.647  
B VS. A INT1                   0.00 0.00 0.251  
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C VS. A INT2                   0.26 0.58 0.657  
B VS. A INT2                   0.27 0.33 0.411  
C VS. A INT3                   0.88 0.53 0.096  
B VS. A INT3                   0.12 0.30 0.703  
C VS. A INT4                   116.14 0.00 ***  
B VS. A INT4                   106.07 0.00 ***  
C VS. A INT5                   1.22 0.53 0.022  
B VS. A INT5                   2.25 0.54 < .001  
C VS. A INT6                   0.23 0.52 0.653  
B VS. A INT6                   1.42 0.40 < .001  
C VS. A INT7                   -59.56 0.92 0.000  
B VS. A INT7                   -60.39 0.00 ***  
C VS. A INT8                   -1.42 0.93 0.126  
B VS. A INT8                   -1.13 0.82 0.168  
Random Components                       
Intercept Y#1 0.45 0.60 0.45 20.15 3.88 < .001 20.83 4.85 < .001 20.80 4.78 < .001 19.41 5.00 < .001 18.09 5.16 < .001 18.39 8.12 0.024  
Intercept Y#2 0.33 0.36 0.36 17.21 2.19 < .001 18.36 3.20 < .001 18.29 3.10 < .001 17.69 2.90 < .001 16.66 2.93 < .001 17.41 5.07 0.001  
Residual 
Variance Y#1 3.62 1.38 0.01 1.71 0.91 0.06 1.46 0.97 0.13 1.42 0.98 0.15 1.77 1.18 0.14 1.22 1.21 0.32 1.33 0.99 0.178  
Residual 
Variance Y#2 0.56 0.48 0.25 0.45 0.33 0.18 0.48 0.36 0.19 0.47 0.36 0.19 0.51 0.25 0.04 0.50 0.30 0.09 0.25 0.31 0.414  
Notes.  N = 201.  SOL = Standards of Learning test score.  DISC = discrepancy score. ECON_DIS = Student classified as economically disadvantaged. INT1 = SOL x 
Discrepancy interaction effect. INT2 = SRWSR x Discrepancy interaction effect. INT3 = Female x Discrepancy interaction effect. INT4 = Econ_Dis x Discrepancy 
interaction effect. INT5 = Asian x Discrepancy interaction effect. INT6 = African American x Discrepancy interaction effect. INT7 = Latinx x Discrepancy interaction effect. 
INT8 = Multiracial x Discrepancy interaction effect. Coefficients reported here are log odds coefficients (logits). 
 
